During development, cells must coordinate their differentiation with their 3 growth and organization to form complex multicellular structures such as 4 tissues and organs. Healthy tissues must maintain these structures during 5 homeostasis. Epithelia are packed ensembles of cells from which the different 6 tissues of the organism will originate during embryogenesis. A large barrier to 7 the analysis of the morphogenetic changes in epithelia is the lack of simple 8 tools that enable the quantification of cell rearrangements. Here we present 9
INTRODUCTION 1
The development of any multicellular organism is based on coordinated 2 changes that transform the embryo into the adult individual. During Gutierrez et al., 2016). We have described that the polygon distribution of 28 natural tessellations is restricted to a series of frequencies of polygons that 29 match the Voronoi diagrams that conform to the Centroidal Voronoi 30
tessellation (CVT)
. This is what we call a "CVT path" and was used as a scale 31 to compare the organization of different packed tissues. However, polygon 32 distribution is not sufficient to completely characterize tissue organization. 1
Tissues with clearly different appearance can present very similar polygon 2 distribution (Sanchez-Gutierrez et al., 2016). 3
As an alternative approach, we have proposed that Graph Theory could 4 capture differences in the topology of tissues (Escudero et Fig.  23   1A, Fig. S1 ). Most of the analyses performed in this work were completed 24 with only 17 motifs (Mo17, Fig. 1A, mauve) . We found that, although all the 25 motifs could be present in an actual tissue, Mo17 minimized the redundancy 26 of the information provided by the graphlets. In addition, this set downplays 27 the importance of rare cellular geometries that could excessively weight GDD 28 calculations (for example, a high difference in GDD could appear when 29 comparing an image with one or two square cells versus another image with 30 no four-sided cells; this effect is minimized using Mo17). However, it would 31 be possible to use other combinations such as all the motifs (Mo29) or cellular 1 motifs that account for the organization of groups of up to 4 cells (Mo10) (Fig.  2 
1A). 3
Graphlet measurements capture differences beyond polygon 4
distributions. 5
We tested the power of graphlet-based measurements in quantifying 6 differences between sets of images with very similar polygon distributions 7 (Fig. 1B) . In third instar larvae of Drosophila, the photoreceptors are 8 specified, giving rise to a particular repetitive arrangement of the presumptive 9 eye cells (Eye, Fig. 1C ). This arrangement is very different to the irregular 10 distribution in a Voronoi tessellation where the initial seeds were placed in a 11 random way (Sanchez-Gutierrez et al., 2016), (Diagram 1, Fig. 1C ). We 12 previously showed that it was not possible to discriminate between the 13 polygon distributions of these two tessellations (Sanchez-Gutierrez et al., 14 2016). Using the graphlets approach, we obtained a GDD value of 0.086 15 when comparing these two sets of images (Mo17 , Table S1 , Fig. S2 ). In order 16 to know if this difference was biologically relevant, we tried to set a baseline, 17
by comparing other images with very similar polygon distribution that also 18 presented an apparently similar arrangement. This was the case for Diagram 19 4 of the CVT vs. the Drosophila wing imaginal disc in larvae (dWL) and 20
Diagram 5 of the CVT vs. the Drosophila wing imaginal disc in prepupae 21 (dWP) (Fig. 1B-C) . Both results were in the same range, with a GDD value of 22 0.042 for Diagram 4 vs. dWL and 0.049 for Diagram 5 vs. dWP (Fig. 1C) . 23 Similar results were obtained when comparing Diagram 4 vs. Diagram 5 and 24 dWL vs. dWP ( Fig. 1-C) . These results suggested the existence of a baseline 25 in the range of 0.04-0.05 values that correspond to similar cellular 26 arrangements that cannot be well distinguished using the graphlets 27 distribution. Therefore, we interpreted the value of 0.086 obtained in the Eye 28 vs. Diagram 1 comparison as the reflection of actual differences between 29 these two sets. In all the mentioned cases, the results obtained using Mo17 30 and Mo29 were equivalent (Table S1) . 31
EpiGraph quantitatively compares the organization of multiple sets of 1
images. 2
The GDD had the limitation of comparing only 2 samples each time. 3
However, one of our objectives was to evaluate different types of images 4
together. Therefore, we designed EpiGraph, a method that calculates the 5 GDD of any epithelial tissue with another tessellation that serves as a 6 reference. As an output, we obtained an index of distance for each image with 7 respect to this reference. We used three different references: i) a tessellation 8 formed by regular hexagons, representing the most ordered way to pave the 9 space ( Fig. 2A, GDDH) . ii) the network motifs emerging from a random 10
Voronoi tessellation (Fig. 2B, GDDRV) . iii) a Voronoi Diagram 5 from the CVT 11 path (Fig. 2C, GDDV5 ) that presents a polygon distribution similar to the one 12 (Table S2) . Interestingly, the plot 32 using Epigraph, we observed that GDDRV and GDDV5 captured the clear 23 differences in organization between these images and the CVTn (Fig. 2E-G 3C ). Epigraph analysis indicated that while control simulations gave 17 similar values to the CVTn, the "squared" and "elongated" sets of images were 18 different to the control and well separated from the CVTn. However, 19
EpiGraph failed to find differences between the "squared" and "elongated" 20 images ( Fig. 3G and Fig. S4) . 21
Second, we used a set of conditions to mimic the effect of a reduction of 22 myosin II in the Drosophila prepupa wing disc epithelium (dMWP, Fig. 2D ). In 23 the control simulation (Fig. 3D) , cells grow to double the original area and 24 then divide into two cells. In case III and case IV simulations there was a 25 random reduction of the tension parameter together with a requirement of a 26 minimum tension threshold to be able to divide (Fig. 3E-F) . If the cells do not 27 reach this threshold they continue to grow without dividing the cell body. 28
When this happens, the cells will be stuck in mitotic phase and will not start a 29 second round of cell division (Sanchez-Gutierrez et al., 2016) (Experimental 30 Procedures). The control simulation gave similar values to the CVTn, while 31 case III, case IV and dMWP images presented a clear deviation in the 1 GDDRV vs GDDV5 graph (Fig. 3G ). All these data-points distributed in the 2 same zone of the graph (Fig. 3G) . Interestingly, we found that both sets of 3 simulations (squared and elongated vs Case III and Case IV) appeared in two 4 complementary regions, suggesting that the regions in the graph can reflect 5 the existence of different traits of organization in each condition. 6
EpiGraph: a method to capture epithelial organization implemented in 7
FIJI. 8
Aiming to enhance the accessibility of the analysis of tissue organization to 9 the biology community, we have implemented EpiGraph as a plugin for FIJI 10 representative time points from "Movie S1" of this article and quantified the 6 graphlet content (Fig. 4A) . After segmentation (Experimental Procedures), 7 the images were uploaded to EpiGraph and plotted in the 3D graph ( Fig. 4B-8 C). We found that the early frames from the original movie (001, 035) were 9 located close to the CVT. Progressively, the appearance of rosettes (100, 10 135) correlated with the separation of these samples from the CVT. This 11 distance was greatest in the case of the image corresponding with frame 170. 12
In contrast, the last two frames did not increase the distance with the CVTn. 13
We observed a reversion in the measurement of the organization, with image 14 235 located very close to the time point 135, presumably as multicellular 15 rosettes had begun to resolve by this time (Table S3) jamming transition, at the dimensionless shape index value of 3.81. We 32 calculated the shape index for the CVTn path, finding that from Voronoi 1 diagrams 1 to 20, the tessellations were behaving as a fluid. Using this 2 descriptor, all the real images were placed in the fluid part as well as the four 3 altered vertex model simulations shown in Fig. 3 (Fig. S3, Fig. S4, Fig. S5  4 and Table S4 ). 5
We have investigated the dynamics of epithelial jamming in different 6
conditions. First, to test the capabilities of EpiGraph in this regard, we 7 analysed several snapshots from two simulations published by Bi and cols. and soft state (shape index greater than 3.81) (Fig. 5A) . As expected, the 11 snapshots of the soft tissue analysed appeared in different positions, 12
indicating that the simulated epithelia changed its organization during the 13 experiment. On the other hand, the different frames from the rigid simulation 14 were clustered (Fig. 5B) , showing little cell rearrangements. 15
We next tested whether EpiGraph could detect changes in tissue fluidity in 16 real epithelia, which may be more ambiguous and noisier than simulations. Interestingly, in the two cases, the shape index was greater than the 32 described shape index threshold of 3.81, suggesting that both tissues are in 1 a fluid state. 2
We used EpiGraph to analyse the changes in organization of wing discs with 3 perturbed myosin II activity along time and compared them with a WT 4 condition. The snapshots for WT samples appeared clustered in the 3D 5 graph, indicating that the epithelia were not changing their organization during 6 the 30 minutes of analysis (Fig. 5E) , despite previous work showing that cell 7 intercalations do occur (Heller et al., 2016) . This suggests that during this 8 slow growing phase of wing disc development, any cell rearrangements that 9 occur do not drive large-scale morphogenesis, but act to maintain a 10 homeostatic tissue topology. The statistical analysis confirmed that all of the 11 WT wing discs were close to CVTn diagrams 3 and 4 ( Table S3 ). In the case 12 of the three samples from the Mbs-RNAi genotype, the data points presented 13 different organizations (from similar to diagram 3 to close to diagram 13, see 14 Table S3 ). In some cases, the dispersion was not only between samples, but 15 occurred between images from each movie (Fig. 5E and Table S3 ). EpiGraph 16 therefore predicted that these Mbs-RNAi wing discs are behaving very 17 differently from WT wing discs, likely by changing their degree of fluidity. 18 Accordingly, quantification of intercalation rates demonstrated that cell 19 rearrangements happen significantly more frequently in WT than in Mbs-RNAi 20 wing discs (Fig. 5F , 0.1281±0.08 vs. 0.0076±0.01 intercalations/cell/hour, 21
Kolmogorov-Smirnov test, p=0.0079). As predicted, this resulted in more cells 22
'jamming' at 4-way vertex configurations as they fail to complete intercalations 23 (Fig. 5G, Fig. 2A-C) . We have tested EpiGraph 30 with different types of samples: as expected, the average of the natural 31 tessellations such as dWL, dWP and cNT matched the CVTn path position 1 (Fig. 2D-G) . We interpret that these three natural samples present similar 2 polygon distributions and graphlet compositions to some Voronoi Diagrams 3 from the CVTn. This was independent of the combination of GDD values 4
organizational traits that were not accessible until now. The same idea is 10 reinforced by the results obtained with the mutant samples for myosin II 11 (dMWP). In previous work, we showed that this set of samples slightly 12 deviated the CVT scale in terms of polygon distribution (Sánchez-Gutiérrez 13
et al., 2016). Here we show very clear differences in terms of the values of 14
GDDV5 and GDDRV (Fig. 2G) , suggesting a higher sensitivity of the new 15 method when capturing differences in organization. values also suggested that GDDH had better resolution for images with a 23 higher percentage of hexagons while GDDRV and GDDV5 were more 24 sensitive to the differences between images with less than 40% of hexagons. 25
For this reason, we have designed the visualization step of the program to 26 easily change the three axes and check the different results using any 27 combination of GDDs and the "percentage of hexagons". 28
Using different sets of simulations, we are able to distinguish two different 29 types of organization: The cases where a subset of cells presents a particular 30 arrangement inside a mostly ordered tissue (Fig 3B, C, G) and the cases 31 where the global topology of the tissue is altered (Fig. 3E, F, G) . These two 32 patterns create a "map" of arrangements that are out the CVTn, and they will 1 help to other researchers to study the degree of order in their samples. 2
As a proof of principle of the capabilities of our method, we have used a 3 previously published movie to analyse the changes of organization during 4 morphogenesis. We have chosen the emergence and resolution of rosettes 5 during germ-band extension, since it is a well-known event with a dynamic 6 and complex arrangement of cells (Blankenship et al., 2006) . The selected 7 time lapse images included the formation and resolution of the rosettes (Fig.  8   4A) . The GDD values of these images correlate with the developmental 9 process and the 3D visualization tool of EpiGraph captures the complete 10 morphogenetic event (Fig. 4B-C) . The selected frames 001, 035 and 070, 11 appear near the CVTn diagrams since they share a similar composition of 12 motifs. This starts to change with the formation of rosettes (frames 100, 135 13 and 170) that progressively separate them from the CVTn. The rosettes 14 contain specific motifs characterising this developmental biology process and regard is supported by its ability to quantify dynamic changes in organization 27 due to cell rearrangements in a vertex model simulation of a soft tissue (Fig.  28   5A-B) . However, cell rearrangements do not necessarily have to lead to 29 changes in tissue organization, as is often the case in more homeostatic 30 tissues. Although, it has been shown that the late third instar Drosophila 31 imaginal disc can exchange neighbours and rearrange during development 32 (Heller et al., 2016), we were not able to see changes in organization 1 combining live imaging of the WT discs and EpiGraph analysis (Fig. 5E) . 2 Therefore, we interpret that the multiple re-arrangements of the WT tissue 3 conserve the organization of the tissue, at least in the time framework 4 analysed (30 min). On the contrary, the hyperactivation of myosin II (Mbs-5 RNAi) produced a clear change in the organization of the tissue as detected 6
by EpiGraph, suggesting a change in tissue fluidity. EpiGraph is therefore 7 able to efficiently detect mutant phenotypes and provide predictions related 8 to changes in tissue fluidity. Importantly, this can be done from a few snap 9 shots in time, without the need for sophisticated time-lapse imaging and 10 tracking. This may provide a simple detection tool for the early onset of 11 disease, where changes in tissue fluidity can occur, and only limited tissue 12 samples are available from patients. 13
EpiGraph limitations. 14
Although Epigraph accepts a wide range of images as inputs, we have 15 specified some minimum requirements. It does not accept images bigger than 16 3000 pixels of width or 3000 pixels of height, since processing them could be 17 computationally intensive. In addition, EpiGraph only accepts single images. 18
Images from time series should be adapted to single frames before uploading 19 them to EpiGraph. 20
Computers with little RAM memory (less than 16gb) will work but with a 21 series of restrictions. To ensure usability, it is not recommended computing 22 images with a high number of cells (more than 1000) due to a possible lack 23 of memory. In the same way, we suggest skeletonizing the edges of the 24 images and using a small radius (lower than 10 pixels) to calculate the cells 25 neighbourhood. Choosing a high radius value could slow down the work 26 queue, increasing the use of RAM memory. 27
If any of these requirements are not satisfied, the program alerts the user, 28 allowing him/her to change the image provided. Importantly, the images and 29
ROIs require a minimum number of cells in order to get coherent graphlets. Source images used in the study. 22 23 Centroidal
Voronoi Tessellation (CVT) diagrams and variations 24
For the generation of this set of paths we have used the software Matlab 25
R2014b to iteratively apply Lloyd´s algorithm to a random Voronoi tessellation 26 (Lloyd, 1982) . This implies that the centroid of a cell in a Voronoi diagram is 27 the seed for the same cell in the next iteration. 28
-Centroidal Voronoi Tessellation (CVT) diagrams 29
Centroidal Voronoi Tessellation diagrams were obtained as described 30 original Voronoi diagrams were created placing 500 seeds randomly in an 32 image of 1024x1024 pixels. A total of 700 iterations were generated for each 1 initial image. 2
-Centroidal Voronoi Tessellation noise (CVTn) diagrams 3
We have developed a variation of the CVT path, named the CVT noise 4 (CVTn) path. We started from the same 20 initial random diagrams described 5 above. The development process of the CVTn path was modified so that the 6 new seeds were not strictly the centroid from the previous iteration. In even 7
iterations, we selected a region of 5 pixels of radius from the centroid position, 8 in which seeds could be placed randomly. In odd iterations, the system was 9 stabilized, applying the original Lloyd algorithm. A total of 700 iterations were 10 generated for each initial image. 11
Natural packed tissues and vertex model simulations 12
The details of the obtaining and processing of epithelial images were 13 
Natural packed tissues and vertex model simulations 21
The details of the obtaining and processing of the epithelial images were 22 Perturbing myosin II activity in Drosophila wing discs and calculating 5 intercalation rates 6 Drosophila were raised in standard conditions. Wing discs were dissected 7 from third instar larvae and cultured under filters as described by (Zartman et 8 al., 2013) . Discs were cultured in Shields and Sang M3 media supplemented 9 with 2% FBS, 1% pen/strep, 3ng/ml ecdysone and 2ng/ml insulin. The 10 following alleles and transgenes were used; shg-GFP (Ecad-GFP, Huang et 11
al., 2009), UAS-Mbs-RNAi (KK library, VDRC), rn-GAL4 (RMCE-MiMIC 12
Trojan-GAL4 collection). The following experimental genotypes were used; 13
Ecad-GFP (WT) and Ecad-GFP/UAS-Mbs-RNAi; rn-GAL4/+ (Mbs-RNAi). For 14
EpiGraph analysis, discs were imaged on a Zeiss LSM 880 microscope with 15
Airyscan at 512x512 resolution with a 63x objective (NA 1.4) at 1.4x zoom for 16 a total of 30 minutes with 1 minute time intervals and a z-step of 0.5µm. Time-17 lapse image sequences were segmented using Epitools (Heller et al., 2016) . 18
To quantify intercalation rates, 5 WT and 5 Mbs-RNAi wing discs were 19 imaged using the same methods as above, except using 5x zoom and 3 20 minute intervals for a total of 2 hours. Intercalation rate data was exported 21 from the "EDGE_T1_TRANSITIONS" overlay in the "CellOverlay" plugin in 22
Epitools. To exclude mistakes generated when 4-way junctions were not 23 recognised, junctions less than 0.075µm in length were assigned a length of 24 0µm. A productive intercalation event was scored when a neighbour 25 exchange was stabilised for at least 2 time points (6 minutes). The total 26 number of tracked cells was also quantified, allowing the intercalation rate to 27 be expressed as the number of intercalations per cell per hour. 28
We also counted the number of fourfold vertices per cell in both WT and 29
Mbs-RNAi conditions. In particular, we quantified the number of vertices in 30 which four or more cells were touching each other, using Matlab R2014b. The 31 cells closest to the border of the image were excluded from the analysis. In 1 this way, we obtained the percentage of fourfold vertices per valid cell for 2 each image and calculated a Kolmogorov-Smirnov test to check if the 3 distributions of both conditions were different. 4
Multicellular Rosette Formation segmentation 5
We have segmented a set of images taken from a movie that represents the 6 evolution of the multicellular rosette formation. This is "Movie S1" from 7 analysis performed by EpiGraph to the nature of our samples (tessellations). 8
Three graphlets were discarded since they were not possible in the context 9 of an epithelial tissue ( Fig. 1 and Fig. S1 ). Second, we used the computer 10 program for graphlet identification and calculation ORCA (Orbit Counting 11 Algorithm) (Hocevar and Demsar, 2014) , to extract the different 12 conformations of nodes assembling the graphlets, called orbits (Pržulj, 2007) . 13 We computed the Graphlet degree Distribution of the 73 given orbits from the 14 29 graphlets, and then we removed the non-used ones. 15
Shape index calculation 16
We have extracted the shape index, as an indicator of rigidity, from each 17 natural and simulated image, based on (Bi et al., 2015). The global shape 18 index in a tissue was measured as the median of the shape index of the 19 individual valid cells. We quantified the cell area and perimeter using Matlab 20 R2014b. We performed the following approach: We captured the vertex 21 coordinates for each valid cell. Then, we calculated the Euclidean distance 22 between each adjacent vertex, and adding all of them, we got the cell 23 perimeter. From these vertices, a polygon was inferred and we calculated its 24 contained area using the "polyarea" Matlab function. 25
Statistical analysis. 26
We have estimated the closest CVTn diagram of a given image in terms of 27 the three GDDs measured in EpiGraph (GDDH, GDDRV and GDDV5). We 28 computed the centre of the point cloud formed by the 20 randomizations of a 29 particular CVTn diagram as the mean of those twenty images, obtaining a 3D 30 point. Then, we calculated the Euclidean distance between all the CVTn 31 diagrams central points and the four calculated parameters of the input image, 1 obtaining its closest point, which corresponds to its closest diagram. 2 Furthermore, we checked if this image belonged to the closest diagram point 3 cloud using an outlier detection approach. In particular, we tested if the 4 inclusion of the image into a CVTn diagram point cloud would increase or 5 decrease the standard deviation of the original group. We assigned the 6 probability of being an inlier, which is defined as follows: 7
Where is the total number of coordinates, which in our case is 3 dues to the 8 three-dimensional space; the parameter stands for every different coordinate 
